Abstract-Precise tracking of things (PToT) using RF signals has posed a serious challenge in indoor environment. However, the need for more precision in tracking people and inventories in indoor environment has been gaining traction. Furthermore, there are demands for location-based services, such as microfencing for targeted advertisement. Precision is key for successful launch of the aforementioned applications. PToT relies on two main components, a novel hybrid 3-D fingerprint database and precise navigation (tracking). In this paper, we address the benefit of our novel approach in creating 3-D fingerprint database in concert with kernel method particle filter (KMPF) to achieve precise positioning and tracking. The hybrid 3-D fingerprint digital map is created from Wi-Fi and Bluetooth received signal strength as well as the fusion of optical sensor 3-D coordinate and magnetic sensor rotational attributes, hence much improved accuracy. This is the first integral component for PToT. The KMPF will track and predict the position utilizing the map information created by the high-resolution signature database. The parameter estimation for cooperative and non-cooperative modes of operations is compared with lower bound on the variance using Cramér-Rao lower bound.
I. INTRODUCTION

P
RECISION localization for indoor mobile users pose challenges due to RF signal distortion [1] resulting from multi-path, Non-line of sight and lack of reliable GPS signal. WiFi localization is the most popular technique used in smart devices today [2] , however, this technique has its serious shortcoming. It suffers from relatively large (submeter) localization error. This technique by itself, is not conducive for applications demanding high precision hence, subcentimeter localization error. Using WiFi in conjunction with other RF signaling and sensor's data, will enable us to overcome this shortcoming, submeter accuracy. In our previous work [3] , we simulated many different scenarios in order to analyze the effect of different parameters on Particle Filter performance for localization. The parameters in consideration, included number of fixed anchors, hybrid RF signaling using Ultra Wide Band (UWB) 1 and WiFi, Moving objects sharing their location information (Cooperative, COOP) among each other versus when there is no sharing of information (Non-Cooperative, NCOOP), number of Particles, variation of Observation and State variances of the Particle filter. We are building on aforementioned work and pointing out the limitation and present novel approaches to Grid base RF signature database in conjunction with Kernel Method Particle filtering for precise navigation and localization.
An approach for High Resolution Signature Databases (HRSD) will be described and inclusion of empirical Probability Mass Function as a base for Particle Filter Importance Sampling. This will enable us to achieve precise indoor localization and navigation. The indoor mapping is gaining momentum and applications for precise localization range from things like inventory tracking, pin-pointing Hazardous material, location base services and emergency responders in rescue mission and the list is getting longer everyday hence, the term Precise Tracking of Things (PToT) is an appropriate one. The ability to obtain a precise location information and navigation can play a critical role in the effectiveness of aforementioned applications.
The performance of our approach is measured versus CRLB. The CRLB results for the Time Of Arrival (TOA) of UWB and the Received Signal Strength (RSS) of WiFi were investigated and analyzed in [4] and [5] respectively. In [6] , we showed that Cooperative localization was very effective in lowering Root Mean Square Error (RMSE) when using RSS or UWB or combination of both (Hybrid) signaling. In [6] , the CRLB was calculated for the Hybrid and Cooperative localization using a combination of WiFi and UWB signaling. The TOA-based UWB signaling render more precise localization than RSS-based WiFi. However, the WiFi infrastructure [7] is more readily available and more cost effective than UWB which makes it ubiquitous.
In dynamic tracking applications, adaptive filters are used to improve the localization accuracy by reducing the estimation error hence, RMSE. Particle filters have shown to be very effective for online and nonlinear/non-Gaussian Bayesian tracking [8] . PF-based algorithms are widely applied in many different applications such as, Autonomous Positioning and Navigation where PF is used to reduce the inertial navigation system (INS) [9] , Real-time Prognosis for the estimation of Li-ion battery discharge time [10] and Reliable Localization and Tracking of Wireless Sensor Networks [11] . An approach to fingerprint database and comparison is discussed in [12] . Our novel approach to a Hybrid 3D database that is comprised of dense Grid points. The information stored per grid point includes the fusion of Light Detection and Ranging (LIDAR) 3D coordinates, Inertial Measurement Unit (IMU) attributes using Kalman filtering in conjunction with Bluetooth and WiFi RF signaling. The details of a samples per grid point and its associated stored Probability Mass Function (PMF) is detailed out in subsection II-D.
In this paper, we focus on WiFi RF signaling simulation and analysis. We discuss our solution for overcoming the WiFi's submeter error (accuracy) by introducing our novel Hybrid 3D Database for localization using Kernel Method Particle Filter to achieve subcentimeter precision. One important implementation issue in PF is the Resampling. Our implementation of the proposed PF is complemented by our 3D database where the stored Probability Mass Functions, PMFs of a Grid point is used for Importance Sampling. This is used in a similar fashion to Systematic Resampling as discussed in [13] .
Due to complex nature of radio propagation and high degree of error in WiFi, a hybrid of Bluetooth and WiFi RF signaling along with fusion of LIDAR coordinate and IMU is proposed for creation of this high resolution signature database that includes PMF data per grid point. This database, cooperative (COOP) moving objects and Kernel Method Particle Filter is our solution to sub-centimeter localization and navigation. Employing Hybrid database and Cooperative localization has been gaining momentum. Accuracy of methods such as TOA and RSS are highly susceptible to non-linear, non-Gaussian channel models in indoor environments. The Particle Filter with a Kernel approach and Hybrid 3D database are chosen to perform with precision in an indoor environment. Unlike the previous paper [3] , the simulations are recreated exclusively for WiFi ranging using the theoretical, IEEE 802.11 channel model for RSS and the empirical data for UWB ranging error is not applicable here as discussed in [14] . Furthermore, for the purpose of performance analysis, we leverage off our work in [6] to stay with eight fixed anchors (FAs) along with three moving objects (MOs). The new simulations are focused on WiFi ranging and line of sight assumption (LOS) which is more relevant for analysis to high resolution signature database. We analyze the effect of different parameters on PF performance versus CRLB, address limitations and discuss our novel solution for precise indoor localization. In our novel approach, we are not bounded by fixed anchor points and our reliance for precision is our high resolution signature databases hence, lower variance for distance measurement error. The high resolution signature databases are stored and accessed to and from the Cloud storage respectively. Lastly, the high resolution signature database is described.
A. WiFi Channel Model
Considering M moving objects (MOs) and A fixed anchor points (FAs), the 2-dimensional coordinates for M MOs, L M and A FAs, L A are given by:
where (x i , y i ); i = 1, ... ,M denotes the x-y coordinate of M moving objects. and (x f j , y f j ); j = 1, ... ,A denotes the x-y coordinate of A fixed anchors.
For pairs of MO-to-MO or MO-to-FA within the communication range, a measurement of Euclidean dis- 2 can be obtained using RSS-WiFi ranging techniques. The ranging techniques are susceptible to noise variation of the channel models hence, the Distance Measurement Error (DME), i j is defined as:
whered i j is the estimate of the distance between pairs. i j will vary between the pairs according to link error discussed in subsection II-B. This is how the location of moving object is determined with respect to fixed Anchor (FA) locations and compared to its true location.
We are only analyzing the ranging error variance resulting from distance estimate,d i j using the non-linear, non-Gaussian channel model and Particle Filter estimator.
B. WiFi-Link Variance
The variance of Distance Measurement Error in (2) for WiFi-link is determined theoretically based on derivation outlined in [5] . The values of α, σ χ for LOS condition are listed in table I.
As evident from (3) the variance is directly impacted by the square of distance, d 2 i j hence, impacting Root Mean Square Error (RMSE) of localization accuracy. The RMSE can significantly be lowered due to confluence of Hybrid of WiFi, Bluetooth, LIDAR, IMU and smaller distances as a result of Grid density. That is how a high resolution signature database (HRSD) can enable us to achieve much lower RMSE and as result more precise localization and tracking.
C. Received Signal Strength Calculation
The Received Signal Strength (RSS) for a WiFi-link between a pair is calculated based on the distance, d i j according to:
Where RSS 1m is the received signal strength at a reference distance of 1m, α is the path loss gradient and χ is the lognormal shadow fading with zero mean and variance σ 2 χ . The values of α, σ χ are chosen for Line of Sight (LOS) condition listed in table I.
D. High Resolution Signature Database
A High Resolution Signature Database (HRSD) is pivotal to precise localization. We start with collection system known as the Mobile Indoor Geo-Location Survey Unit ( MIGSU) to collect high resolution data to create signature databases. The MIGSU system is remotely controlled and collects Wi-Fi, Bluetooth, Magnetic and LIDAR data for the purpose of indoor Geo location and digital mapping. MIGSU is remotely controlled within a building or venue while it collects the signal data in real time, parses the data, and creates the signature databases. The 3D digital map is developed from LIDAR data during post processing. The MIGSU system uses specially designed hardware platform in a self-contained mobile unit to collect the signals in real time. MIGSU utilizes a precision Inertial Measurement Unit (IMU) to precisely calculate its known position then uses the position data to tag the captured signals. The Wi-Fi collection component utilizes three dual band 802.11 a/b/g/n (2.4/5.2 G H z) chip sets as the receivers. These receivers also collect Bluetooth 802.15 data. The three receivers antennas are spaced at precise lateral spacing of 25cm to provide uncorrelated position signal data. Experiments have shown that at 25cm, which is the lowest common denominator for 2.4 and 5.2 G H z wavelengths, the received signals are uncorrelated and independent. This means that at this spacing the RF signal is distinct. Each antenna and antenna cable are also measured using a network analyzer to create a calibration table for amplitude corrections to compensate for small differences in the receive chain.
A grid point is a position in space correlated to the venue in X,Y, Z coordinates for the building being mapped, North(X), East(Y) and Down(Z), NED navigation. Grid Spacing is the distance between grid points and defines the database density. Each grid point will consist of WiFi and Bluetooth RF signature as well as the fusion of LIDAR coordinate and IMU attributes.
LIDAR is a LASER Detection and Ranging technology and uses lasers to determine the range of an object by calculating the time of flight for the signal to hit an object and return plus its intensity. The magnetic fingerprint is created from the IMU and is binned and tagged by the database management with a position. The key difference with this data is that there is only a single emitter, earth's magnetic field. All magnetic collections are stored for a collection period creating an array of X,Y,Z axis magnetic measurements.
The Wi-Fi signature database is made up of individual grid points spaced at 25cm each. The collected data is preprocessed for faster cloud access and placed in the signature. This data will consist of the Mean RSS, Standard Deviation RSS, Min RSS, and Max RSS values for each emitter. The Probability Mass Function (PMF) is also stored for each signature. The current required number of samples for the PMF is 50 samples per grid point per emitter. An accurate timestamps is crucial for correlating and fusion of LIDAR 3D coordinate and IMU attribute to ensure the accuracy of database. The effects of these time varying fields, sample density on accuracy, stability of the database will be submitted in a separate paper.
The 
III. PARTICLE FILTER FORMULATION
The Particle Filter is chosen for this work due to nature of non-closed form, non-linear and non-Gaussian channel models for RF localization algorithm. The PF state is defined by uniformly Random X or Y movement of moving object (MO). The PF observation is modeled based on theoretical approach for WiFi-RSS ranging. The distance of the moving object is obtained with respect to fixed anchors (FA) and other moving objects when in cooperative mode. The published results in our previous work [3] was based on choice of Gaussian with a different variances for our importance sampling. It is important to note that the choice of more appropriate probability Mass function for importance sampling results in more realistic Posterior estimation. The PMF information and RSS values are provided by HRSD.
The main engine driving the Particle Filter implementation is the recursion for estimating Posterior and proper choice for importance sampling. The assumption and the derivation of Bayesian recursion for Posterior estimation is detailed out in Appendix A.
Our model for state are sample points shown on Fig. 1 . The Observation model is defined in (4). However, this is just a Power measurement and is pre-processed along with fusion of LIDAR coordinates and IMU attributes as well as cross validation across different data points to ensure a robust build of HRSD as previously described in subsection II-D. Let us consider the importance weight, (22) derived in Appendix A:
Given d p , the numerator can be measured and the denominator is not dependent on the state, d p . For the purpose of our simulation we will use a Gaussian Prior with variance σ 2
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and the mean is adjusted by the power calculated for d p ,
RSS re f is the power at the actual location. The state samples are also distributed in random using Gaussian with a different variance σ 2 d p prior to Observation (measurement). Simulations are performed using the pseudo steps in Algorithm 1.
In the case of Kernel Method Particle Filter (KMPF), the information provided by HRSD are further processed for the best candidate in PMFs. The best of three PMFs provided by HRSD is sorted out using Kullback Leibler divergence (KLD) method (7). The select, an empirical PMF will be used for Importance Sampling instead of the theoretical Gaussian distribution that is used for simulations in Algorithm 1. Having a true sample representation for PMF will be pivotal for more precise localization and tracking of things, PToT.
Next we evaluate our preliminary simulation results for parameter effects on performance of PF in section V.
IV. SIMULATION ENVIRONMENT
In this section, we describe the notations, assumptions for Particle Filter implementation, describe CRLB for our analysis and the setup of our simulation environment. for R = 1 → Re f Poi nts do 8: for p = 1 → n P do Particle iterations 9: a) Measurement 10: b) Weight update 11: end for 12:
1) Normalize the Weight
13:
2) Randomly Sample the above CDF 14: 3) Pick maximum likelihood sample 15: 4) Selection of new State, hence lowest DME 16: end for 17: end for
A. Notations
The notations used are, P denoting probability, p denoting the index of a particle, n P denoting number of particles and nSM P denoting number of samples and MO denoting a moving object. The PF State (or movement) and Observation 
B. PF Assumptions
Given the random nature of MO movements and independent Observations, we assume that the current location of MO depends only on the previous location hence, a Markov Process for the MOs movement (PF State), and, the current PF observation, RSS p depends only on the current PF state d p , there is more details in Appendix A.
C. CRLB as a Measure of Performance
The Cramer-Rao Lower Bound (CRLB) is used as a measure of the lower bound on the variance of estimators for deterministic parameters [16] , [17] . The CRLB defines that the bound on the variance of any unbiased estimator is at least as high as the inverse of the Fisher information [17] . From CRLB calculation we can easily find the lowest possible Root Mean Square Error (RMSE) among all unbiased algorithms. The CRLB is routinely utilized in navigation application and science [18] , [19] . CRLB is used to measure the max possible performance of localization algorithm and guidance on implementation feasibility of an algorithm [20] . In this paper, the CRLB is used to measure the performance of our Particle Filter in different scenarios. To calculate the CRLB, we need to calculate the 
D. Simulation Setup
In Fig. 1 , there are eight FAs and three MOs, two moving clockwise and the third counter-clockwise. The X or Y movements are advanced randomly according to uniform distribution. The simulations are performed in WiFi-link mode and there has not been any consideration for NLOS, LOS is assumed throughout. The LOS assumption is due to the fact that in our future work we will be using the digital map that will include the LIDAR information which is based on having Line Of Sight, LOS. The collection of this digital map was discussed in subsection II-D. 
A. Effect of Variances and Number of Particles on PF
In this subsection, we are evaluating the effect of number of particles n P, different variance values for State and Observation in order to set the stage for the remaining simulation runs. In Fig. 2 , we are evaluating the effect of doubling, 8 versus 16 particles (n P = 8, 16) where FAs and MOs are in WiFi-enable mode. In COOP mode, the results are very close however, in NCOOP mode the result for higher number of particles (n P = 16), is slightly better. For the remaining simulations we focus on using n P = 16. In Fig. 3 (a) and 3(b), the n P is left at 16 and only the variances of State 2 (st) and Observation 3 (oz) are changed. 4 In Fig. 3(a) , the Moving Objects (MOs) are in COOP mode where their location information are shared among each other. The RMSE value for the 50th percentile mark, is the worst (RM S E = 6.349) when the state and observation variances 5 are set to 8. In Fig. 3(b) , the Moving Objects (MOs) are in NCOOP mode where they do not share their location information. At the 50th percentile mark, similar to COOP mode the RMSE is the worst (RM S E = 7.293) when the variances are set to 8. Conversely in a low variance environment when both State and Observation variances are set at 2, the RMSE is the lowest both in COOP (RM S E = 6.07) and NCOOP (RM S E = 6.892). In general, when in COOP mode, the RMSE is lower than NCOOP for all combination of variances.
For example, at the 50th percentile mark, the RMSE ranges between 6.07 − 6.349 in COOP mode and 6.892 − 7.293 in NCOOP mode. There is about 1 meter improvement in RMSE value while in COOP mode. After this initial evaluation of parameter effect on PF, we continue using n P = 16. Next, we evaluate the performance of Particle filter versus CRLB considering the effect of di stance and variances (σ 2
B. PF Performance Compared to CRLB
The simulation results discussed here are based on configuration values outlined in Table II Fig. 4 and for the distance reduction in Fig. 5 respectively. The statistics (Mean and STD) of simulation runs for this subsection is tabulated in Table III . Unlike the previous figures in subsection V-A where there were only Particle Filters with differing parameters, here the Particle Filter performance is compared to CRLB. In our review of the results, we use the 50th percentile for our performance assessment. The results are analyzed in the following order, Fig. 4, Fig. 5 , and Table III .
In Fig. 4a and Fig. 4b , the results of PF simulations with two sets of variances both in COOP and NCOOP mode are compared to CRLB. In Fig. 4a , shows the result of simulation for high variances value of σ 2 d p and σ 2
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where both are set to 8 and Fig. 4b shows the result for low variances, where both are set to 2.
Despite the quadruple values of variances (8 versus 2) in two different scenarios, the RMSE result in low variance scenario, is only better by 5%. This is a very small improvement. It is evident that the variance does not have that drastic of effect on Particle Filter performance (RMSE).
As for distance reduction, Fig. 5 shows the result of simulation where the distance is reduced by a factor of 2 and the variances are set to 2. Here is a great case for discussion, comparing this result with the one in Fig. 4b , the RMSE improvement is very noticeable. With half the distance, the RMSE is lowered by one-fourth. In COOP mode, the RMSE is lowered from 6.072 to 1.451 meter and from 6.838 to 1.675 meter in NCOOP mode. In our earlier introduction to grid, High Resolution Signature Database in subsection II-D, the distances among grid points are only 25 centimeter apart. This dense spacing among the grid points would result in more stable RSS reading, less factor due to distance variation. 
). We also showed the overall improvement of RMSE when the Moving Objects (MOs) collaborate (COOP mode). In order to achieve a more Precise Tracking of Things (PToT), we introduced two essential components, a High Resolution Signature Database (HRSD) and an Empirical choice for Empirical Importance Sampling of our Kernel Method Particle Filter. The results will be published in a separate paper.
APPENDIX A DERIVATION OF BAYESIAN RECURSION FOR PARTICLE FILTER
Let us recall the notations, P denoting probability, p denoting the index of a particle, the PF State (or movement) and Observation (or measurement) are defined as d p and RSS p respectively. Given the random nature of MO movements and independent Observations we assume that the current location of MO depends only on the previous location hence, a Markov Process for the MOs movement (PF State, d p ),
and, the current PF observation, RSS p depends only on the current PF state d p , therefore:
Leveraging off of the assumptions highlighted in (8) and (9), we start with Bayesian rule to arrive at the recursion for Posterior of the PF State (d p ) based on our measurements, P(d 0: p /RSS 0: p ), applying Bayes rule:
Rewriting the numerator and denominator indices, RSS 0: p to (RSS p , RSS 0: p−1 ):
Applying the product rule to P(RSS p 
based on the independent observations(RSS) assumption:
therefore applying (15) into (14):
Applying Conditional Property to 2 nd term in the numerator of (16) 
Applying assumption in (18) to (17) 
Integrating over the past p − 1 values of d:
